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Genome Sequencing & Analysis




Genome Sequencing

Genome sequencing: Enables us to determine the order of
the DNA sequence in an organism’s genome

)

a Plays a pivotal role in: (U ’7%‘ . g_
: .. o 2 N\ -
Personalized medicine ";:\ WS &
Outbreak tracing Genome DNA

Understanding of evolution

Challenges:

o There is no sequencing machine that takes long DNA as an
input, and gives the complete sequence as output

o Sequencing machines extract small randomized fragments
of the original DNA sequence
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Genome Sequencing (cont’d)
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Sequencing Technologies

Oxford Nanopore
(ONT)

PacBio INlumina
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Current State ot Sequencing
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https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data

Current State ot Sequencing

*From NIH (https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data)
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Genome Sequencing (cont’d)
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Genome Sequence Analysis

TTTTTITAATT I
ACGAGCGGGT BIGATACACTG —— Reads

ACGACGTAGCT -

D e
Read Mapping, method of aligning the De novo Assembly, method of
reads against the reference genome in merging the reads in order to
order to detect matches and variations. construct the original sequence.
| ‘ geference | ‘ Original
ehome Sequence
Reads Mapped Reads Reads Assembled Reads
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GSA with Read Mapping

= Read mapping: First key step in genome sequence analysis (GSA)

o Aligns reads to one or more possible locations within the reference
genome, and

o Finds the matches and differences between the read and the
reference genome segment at that location

= Multiple steps of read mapping require approximate string matching

o Approximate string matching (ASM) enables read mapping to account
for sequencing errors and genetic variations in the reads

= Bottlenecked by the computational power and memory bandwidth
limitations of existing systems

11
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Course Description

A genome encodes a set of instructions for performing some functions
within our cells. Analyzing our genomes helps, for example, to determine
differences in these instructions (known as genetic variations) from human
to human that may cause diseases or different traits. One benefit of knowing the genetic variations is better
understanding and diagnosis of diseases and the development of efficient drugs.

Computers are widely used to perform genome analysis using dedicated algorithms and data structures.
However, timely analysis of genomic data remains a daunting challenge, due to the complex algorithms and
large datasets used for the analysis. Increasing the number of processing cores used for genome analysis
decreases the overall analysis time, but significantly escalates the cost of building, maintaining, and cooling
such a computing cluster, as well as the power/energy consumed by the cluster. This is a critical shortcoming
with respect to both energy production and environmental friendliness. Cloud computing platforms can be used
as an alternative to distribute the workload, but transferring the data between the clinic and the cloud poses
new privacy and legal concerns.

In this course, we will cover the basics of genome analysis to understand the computational steps of the entire
pipeline and find the computational bottlenecks. Students will learn about the existing efforts for accelerating
one or more of these steps and will have the chance to carry out a hands-on project to improve these efforts.

https://safari.ethz.ch/projects and seminars/spring2022/ 12

doku.php?id=bioinformatics



https://safari.ethz.ch/projects_and_seminars/spring2022/doku.php?id=bioinformatics

Approximate String Matching




Approximate String Matching

Sequenced genome may not exactly map to the reference genome due
to genetic variations and sequencing errors

Reference: AAAATGTTTAIGITGCTAC TG
Read: AAA [TGTTTAICITGCTACTITG
deletion substitution  insertion

Approximate string matching (ASM):
o Detect the differences and similarities between two sequences
o In genomics, ASM is required to:
Find the minimum edit distance (i.e., total number of differences)
Find the optimal alignment with a traceback step
Sequence of matches, substitutions, insertions and deletions,
along with their positions
o Usually implemented as a dynamic programming (DP) based algorithm

14



Arithmetic Dynamic Programming

for Approximate String Matching

= P>=OP>==-00

CGTTAGTCTA
oloflololo|ojo]ofo|o]o
o BN 2 |2|22]2[2]2]2]2
0|23 [3|3]|3|3[3[4|4]4
0|23 |5]|5]|5|5[5[5|6]6
o|2(3|s|a|7|7|7|7|7]|7
033 |5]7[9]9]9|9]9]9
of2(4|s5|7]|ofufufun|n|n
024|679 |n]13[13[13]13
0|2(4|6|7 ]9 |11]13]14]14]15
024 6|8 |9 |11]13]14]16]16

Commonly-used
algorithm for ASM
IN genomics...

...With quadratic
time and space
complexity

15



Bitvector-Based Dynamic Programming

for Approximate String Matching: Bitap Algorithm

Text A C G T -

Exact Match | 1111 | 1111 | 1111 | 1111 | 1111
1 Edit | 0110 | 1010 | 1100 | 1110 | 1110
2 Edits | 0000 | 0000 | 1000 | 1100 | 1100
3 Edits | 0000 | 0000 | 0000 | 1000 | 1000
4 Edits | 0000 | 0000 | 0000 | 0000 | 0000

« Two-dimensional, but different axes

« Entries are bitvectors instead of numbers

16



Bitap Algorithm

For each character of the text (char): Outer Loop

Copy previous R bitvectors as oldR Bijtwise Operations

Inner Loop

= Bitwise Operations
substitution = oldR[d-1] << 1
insertion = R[d-1] << 1
=(oldR[d ] << 1) | PM [char]
= deletion & mismatch & insertion & match

">B ot RLd]: Output
If 1, no match.

If 0, match with d many errors.

17



Traceback is Required

CGTTAGTCTA

2. However, we also olofolololo|o|o|lo|o]o

require the optimal ¢ | 2222222212

sequence of edits & [ |- ARBPAARFE

("CIGAR string”) TI|0[2]3 5(5(5|5(5]|6]6
T 02135 7171711717

Alo|3][3]5]7 919999

G O(2 (4 |5|719 111111111

TIo|2(4]6]|7|9]|N 13113 ]13

Alo|2]46]|7[9|11]13 14 |15

T/ o246 |89 |11]13]14)16]16

1. So far we only have the
The CIGAR string is obtained through optimal score

“traceback’, i.e., following the
optimal solution through the table




GenASM

= Damla Senol Cali, Gurpreet S. Kalsi, Zulal Bingol, Can Firtina, Lavanya Subramanian, Jeremie S.
Kim, Rachata Ausavarungnirun, Mohammed Alser, Juan Gomez-Luna, Amirali Boroumand,
Anant Nori, Allison Scibisz, Sreenivas Subramoney, Can Alkan, Saugata Ghose, and Onur Mutlu,
"GenASM: A High-Performance, Low-Power Approximate String Matching
Acceleration Framework for Genome Sequence Analysis"

Proceedings of the 53rd International Symposium on Microarchitecture (MICRO), Virtual,
October 2020.

[Lighting Talk Video (1.5 minutes)]

[Lightning Talk Slides (pptx) (pdf)]

[Talk Video (18 minutes)]

[Slides (pptx) (pdf)]

GenASM: A High-Performance, Low-Power
Approximate String Matching Acceleration Framework
for Genome Sequence Analysis

Damla Senol Cali ™ Gurpreet S. Kalsi®  Ziilal BingolV Can Firtina® Lavanya Subramanian Jeremie S. Kim®1
Rachata Ausavarungnirun® Mohammed Alser® Juan Gomez-Luna® Amirali Boroumand! Anant Nori™
Allison Scibisz|  Sreenivas Subramoney™ Can Alkan” Saugata Ghose*T  Onur Mutlu®TV
TCarnegie Mellon University ™ Processor Architecture Research Lab, Intel Labs ¥ Bilkent University ~ °ETH Ziirich

YFacebook  ©King Mongkut’s University of Technology North Bangkok — * University of Illinois at Urbana—Champaign
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https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20.pdf
http://www.microarch.org/micro53/
https://www.youtube.com/watch?v=nJs3RRnvk_k
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20-lightning-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20-lightning-talk.pdf
https://www.youtube.com/watch?v=srQVqPJFqjo
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenASM-approximate-string-matching-framework-for-genome-analysis_micro20-talk.pdf

GenASM Extends Bitap

= Adds traceback

= Performance improvements

o Windowing heuristic
o Intra-task parallelism

Senol Cali+, "GenASM: A High-Performance, Low-Power Approximate String 20
Matching Acceleration Framework for Genome Sequence Analysis”, MICRO 2020



https://arxiv.org/abs/2009.07692

GenASM’s Traceback

For each character of the text (char):
Copy previous R bitvectors as oldR
R[O0] = (0ldR[@] << 1) | PM [char]

For d = 1.Kk:
1. Store these deletlion = oldR[d-1]
substitution | = oldR[d-1] << 1
insertion = R[d-1] << 1
match =(oldR[d ] << 1) | PM [char]

R[d] = deletion & mismatch & insertion & match
Check MSB of R[d]:
If 1, no match.
If 0, match with d many errors.

2. Follow a trail of O’s in the stored bitvectors

Senol Cali+, "GenASM: A High-Performance, Low-Power Approximate String 21
Matching Acceleration Framework for Genome Sequence Analysis”, MICRO 2020



https://arxiv.org/abs/2009.07692

Accelerating GenASM on GPUs




Implementation Attempt #1

Compile existing C code with CUDA, with minor changes
One GPU thread per sequence pair
Store the DP table in global memory

1013 4 NVIDIA A6000 GPU
i Peak Compute Tput 7

174,838 Gop/s

—

)
—
[\

—_

o
—
—

Severely memory bound

Compute Throughput (64-bit op/s)

GenASM
iAlgorithm

|
|
o | v ’ LA I TR R B | v v LI S B A | v l' L. I BT, B |
1073 102 101 109
Operational Intensity (64-bit op/B)

—

o
—
o
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Implementation Attempt #2

= Compile existing C code with CUDA, with minor changes
= One GPU thread per sequence pair
= Store the DP table in shared memory has limited capacity

1013 4 NVIDIA A6000 GPU
i Peak Compute Tput
1 4,838 Gop/s

—

)
—
[\

—_

o
—
—

Compute Throughput (64-bit op/s)

GenASM
Algorithm

—

o
—
o

1073 1072 107! 10°
Operational Intensity (64-bit op/B)
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Recall: GenASM’s Traceback

For each character of the text (char):

Copy previous R bitvectors as oldR

R[O0] = (0ldR[@] << 1) | PM [char]

For d = 1.Kk:

1. Store these deletlion = oldR[d-1]

substitution | = oldR[d-1] << 1
insertion = R[d-1] << 1
match =(oldR[d ] << 1) | PM [char]

R[d] = deletion & mismatch & insertion & match
Check MSB of R[d]:
If 1, no match.
If 0, match with d many errors.

2. Follow a trail of O’s in the stored bitvectors

Senol Cali+, "GenASM: A High-Performance, Low-Power Approximate String 25
Matching Acceleration Framework for Genome Sequence Analysis”, MICRO 2020



https://arxiv.org/abs/2009.07692

GenASM’s Memory Footprint

I
Footprint=|text|*|pattern]| *3*k bits

[For each character of the text](char):

R[@] = (oldR[@] << 1) | PM [char]
[For d = 1.k:|

1. Store these deletion = oldR[d-1]
substitution| = oldR[d-1] << 1
insertion B R[d-1] << 1
match =(oldR[d ] << 1) | PM [char]

Bitvector size

R[d] = deletion & mismatch & insertion & match
Check MSB of R[d]:
If 1, no match.
If 0, match with d many errors.

2. Follow a trail of 0’s in the stored bitvectors

Senol Cali+, "GenASM: A High-Performance, Low-Power Approximate String 26

Matching Acceleration Framework for Genome Sequence Analysis”, MICRO 2020



https://arxiv.org/abs/2009.07692

Memory FOOth‘iﬁt of Implementation Attempt #2

Assume
« |text|=|pattern|=k=64
 One warp of

Footprint =64*64*3*64 bits *
=96KiB *
=3MiB

Shared memory capacity of he NVIDIA A6000 GPU:
99KiB per SM

27



Implementation Attempt #2

= Compile existing C code with CUDA, with minor changes
= One GPU thread per sequence pair
= Store the DP table in shared memory has limited capacity

1013 4 NVIDIA A6000 GPU

- i Peak Compute Tput 7\

s | 4838 Gop/s /Compute Bound
] |

= |

Q |

< 10124 A '

< : «5‘& |

- 6 |

J Y I =
O o\o‘:‘bo :Algorlthm
i, :
1073 1072 107! 10°

Operational Intensity (64-bit op/B)
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Implementation Attempt #3

= Rewrite code for GPUs
= 64 threads in a thread block cooperate per seq. pair
= Store the DP table in shared memory

1013 5 NVIDIA A6000 GPU
i Peak Compute Tput
1 4,838 Gop/s

=y

o
—
N

—_

o
—
—

Compute Throughput (64-bit op/s)

GenASM
Algorithm

—

o
—
o

1073 1072 107! 10°
Operational Intensity (64-bit op/B)




Mapping Threads to DP Cells

Text A C G T -

Exact Match | 1111 | 1111 § 1111 ) 1111 | 1111
1 Edit | 0110 | 1010 | 1100 } 1110 } 1110
2 Edits | 0000 | 0000 | 1000 | 1100 | 1100
3 Edits | 0000 | 0000 | 0000 | 1000 | 1000
4 Edits | 0000 | 0000 | 0000 | 0000 | 0000

Thread O |} Thread 1| Thread 2 | Thread 3

30



Memory FOOth‘iﬁt of Implementation Attempt #3

Assume
« |text|=|pattern|=k=64
thread block

Footprint =64*64*3*64 bits *
=96KiB *
=96KiB

Shared memory capacity of he NVIDIA A6000 GPU:
99KiB per SM

31



Occupancy Problem of Implementation Attempt #3

= Due to the memory footprint and shared memory capacity,
at most 1 thread block of 64 threads can be active per SM

= This is called “"low occupancy”

= Occupancy should be high for good performance

o Simultaneous multithreading hides instruction latencies,
but requires multiple active warps to work

32



More About Occupancy

Latency Hiding and Occupancy

FGMT can hide long latency operations (e.g., memory accesses)

Occupancy: ratio of active warps to the maximum number of
warps per GPU core

4 active warps 2 active warps

Instruction 3 Instruction 3

Instruction 2 s s
77777 Instruction 2

Luuiuuud

Instruction 1 kWarp 1\
| Y Instruction 3
Instruction 4 i Instruction 4

G2 |nstruction 1 (Long latency) (Long latency)

""""""" % Instruction 3
i g
Warp.0 Instruction §

~~~~~~~~~~~ % Instruction §
rvrTTYIYYIYY

> »l ¢ (SRS » | = O L1

HetSys Course: Lecture 5: GPU Performance Considerations (Spring 2022)

577 views = Premiered Apr 12, 2022 @5 21 G DISLIKE ) SHARE 3 CLIP =+ SAVE

SUBSCRIBED

https://youtu.be/BYkPHLaFATM 33



https://youtu.be/BYkPHLaFATM

Implementation Attempt #3

= Rewrite code for GPUs
= 64 threads in a thread block cooperate per seq. pair

= Store the DP table in shared memory

1013 ; NVIDIA A6000 GPU
- i Peak Compute Tput
B, [EPRAtOEIYS Compute Bound
. 1
= |
Q I
<+ 1012': X !
© : 4‘\& I
] 6 I
O Dl 0 P -
ue 10 IoOW O ol
(@) 6\Ov
1073 102 107! 109

Operational Intensity (64-bit op/B)
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Scrooge

= Joél Lindegger, Damla Senol Cali, Mohammed Alser, Juan Gomez-Luna, and Onur Mutlu,
"Algorithmic Improvement and GPU Acceleration of the GenASM Algorithm"

Proceedings of the 21st IEEE International Workshop on High Performance Computational
Biology (HICOMB), Virtual, May 2022.

[Slides (pptx) (pdf)]

Algorithmic Improvement and GPU Acceleration
of the GenASM Algorithm

Joél Lindegger Damla Senol Cali Mohammed Alser  Juan Gémez-Luna Onur Mutlu
ETH Ziirich Bionano Genomics ETH Ziirich ETH Ziirich ETH Ziirich
lijoel @ethz.ch damlasenolcali@gmail.com alserm@ethz.ch ellgoluj@gmail.com  omutlu@gmail.com
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https://arxiv.org/pdf/2203.15561.pdf
http://www.hicomb.org/
https://people.inf.ethz.ch/omutlu/pub/GenASM-GPU_hicomb22-talk.pptx
https://people.inf.ethz.ch/omutlu/pub/GenASM-GPU_hicomb22-talk.pdf

Scrooge — Executive Summary

Pairwise sequence alignment is a bottleneck in genomic pipelines (e.g., read mapping)
Motivation -GenASM is a state-of-the-art sequence aligner, its hardware implementation is up
to 10,000x faster than prior software aligners and draws 500x less power

Three inefficiencies in the GenASM algorithm limit its throughput and energy efficiency:
1. It has a large memory footprint

2. It has a high bandwidth pressure

3. It does some unnecessary work

Problem

Goal Enable fast and efficient implementations of GenASM for CPUs, GPUs, and ASICs

Three novel algorithmic improvements to the GenASM algorithm:
*SENE and DENT reduce the memory footprint and data movement of GenASM
Scrooge «Early Termination eliminates unnecessary work

High-performance CPU and GPU implementations

*12-24x memory footprint reduction

*1.9x speedup over GenASM on a recent CPU (Xeon Gold 5118)
*5.9x speedup over GenASM on a recent GPU (NVIDIA A6000)
Similar improvements to be expected for ASICs

Results

Lindegger+, "Algorithmic Improvement and GPU Acceleration 36
of the GenASM Algorithm", HICOMB 2022



https://arxiv.org/abs/2203.15561

Algorithmic Improvement 1:

Store Entries, Not Edges (SENE)

s B s
GenASM Scrooge
Stores 3 edges per table entry, Stores table entries directly,
for traceback edges are regenerated
[ Jinsertion [ ]Deletion [[]Match Table Entry | 1111
Text A c T Text A C G T
Exact Match Exact Match | 1111 | 1111 | 1111 | 1111 | 1111
1 Edit SENE 1 Edit 0110 | 1010 | 1100 | 1110 | 1110
2 Edits |mprovement 2 Edits 0000 | 0000 | 1000 | 1100 | 1100
3 Edits 3 Edits 0000 | 0000 | 0000 | 1000 | 1000
4 Edits 4 Edits 0000 | 0000 | 0000 | 0000 | 0000
S & )
SENE results in a 3x reduction in
memory footprint and data movement
Lindegger+, "Algorithmic Improvement and GPU Acceleration 37

of the GenASM Algorithm", HICOMB 2022



https://arxiv.org/abs/2203.15561

Algorithmic Improvement 2:
Discard Entries Not used by Traceback (DENT)

/GenASM’s traceback does not cross the entire table
Scrooge discards entries that are never reached

Match

Text A C

Exact Match | 11X | 11X
1 Edit [0) =144
2 Edits 004 | 00X
3 Edits 00X | 00X
4 Edits 004)_(» 00X

not Reached < >

not Reached

by Traceback by Traceback

~

DENT results in a 4x reduction in
memory footprint and data movement

Lindegger+, "Algorithmic Improvement and GPU Acceleration
of the GenASM Algorithm", HICOMB 2022
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https://arxiv.org/abs/2203.15561

Implementation Attempt #4 — Scrooge

= 64 threads in a thread block cooperate per seq. pair
= Store the DP table in shared memory
= Algorithmically reduced memory footprint

/GenASM’s traceback does not cross the entire table )
Scrooge discards entries that are never reached
[OMatch
GenASM ( Scrooge ) Text A C
Stores 3 edges per table entry| Stores table entries directly, Exact Match | 113 | 11X | 1
for traceback edges are regenerated . [ :a X | 1
[Jinsertion  [[]Deletion EMatch Table Entry | 1111 Bt -
ext G 2 Edits 00 | 009¢ | 1000
aaaaaaaaaa L & & & ExactMatch | 1111 | 1121 | 1111 | 1111 | 1111
1 Edit : % 0 ? Y ? 0 ? 0 SENE 1Edit 0110 | 1010 | 1100 | 1110 | 1110 3 Edits 003 | 00K | (g
dits p LA AR -~ | t 2 Edits 0000 | 0000 | 1000 | 1100 | 1100 = y
;Edits ¥ E . & 7mpr°vemen 3 Edits 0000 | 0000 | 0000 | 1000 | 1000 4 Edlts Ooﬁ OOx uou
eeeee 2L 4 Edits 0000 | 0000 | 0000 | 0000 | 0000 not hed 3
by Traceback not Reached
\_ by Traceback J
SENE results in a 3x reduction in DENT results in a 4x reduction in
memory footprint and data movement memory footprint and data movement

\ )
|

SENE+DENT results in a 12x reduction in
memory footprint and data movement

Lindegger+, "Algorithmic Improvement and GPU Acceleration 39
of the GenASM Algorithm", HICOMB 2022



https://arxiv.org/abs/2203.15561

Scrooge’s Memory Footprint

Assume
« |text|=|pattern|=k=64
thread blocks

Footprint =64/2*64/2*1*64 bits *
=8KiB *
=96KiB

Shared memory capacity of he NVIDIA A6000 GPU:
99KiB per SM

Lindegger+, "Algorithmic Improvement and GPU Acceleration
of the GenASM Algorithm", HICOMB 2022
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https://arxiv.org/abs/2203.15561

Implementation Attempt #4 — Scrooge

= 64 threads in a thread block cooperate per seq. pair
= Store the DP table in shared memory

= Algorithmically reduced memory footprint

/GenASM’s traceback does not cross the entire table h

Scrooge discards entries that are never reached

[OMatch
=
GenASM Scrooge Text AL C LT
Stores 3 edges per table ent Stores table entries directly, Exact Match | 113¢ [ 113 | 1181117 4 1
for traceback edges are regenerated 1 Edit 1 0
[Cinserti ion  []Deleti ion  [@Match TableEntry@

Txt Alcles[T]- Text Alclel ] - 2 Edits 00 | 00 | 1000 100
aaaaaaaaaa & & & & Exact Match | 1111 | 1121 | 1111 | 1211 | 1211
1 Edit : \§ e mis m 1 Edit 0110 | 1010 | 1100 | 1110 | 1110 3 Edits )

di A NS NS mnrovemen 0000 | 0000 | 1000 | 1100 | 1100

iIgh performance

Thanks to high occupancy

SENE+DENT results in a 12x reduction in
memory footprint and data movement

Lindegger+, "Algorithmic Improvement and GPU Acceleration 41
of the GenASM Algorithm", HICOMB 2022



https://arxiv.org/abs/2203.15561

Scaling with Threadblocks

50,000 -

S
o
(@)
(@)
o

30,000 -

Alignments per Second
N
[=
o
S
o

10,000 -

Increased —¢—Scrooge Full
Occupancy —¥—Scrooge DENT Only

—A—Scrooge SENE Only

Shared Memory

84 420 840 1260 1680 2100 2520
Thread Blocks

Lindegger+, "Algorithmic Improvement and GPU Acceleration 42
of the GenASM Algorithm", HICOMB 2022



https://arxiv.org/abs/2203.15561

Generating Pattern Bitmasks




Pattern Bitmasks

GenASM requires pre-computing “pattern bitmasks”
o One-hot (or one-cold) encoding of the pattern string

Pattern

PM(A)
PM(C)
PM(G)
PM(T)

Bitmasks:

CTGA
1116
0111

1101
1011

Senol Cali+, "GenASM: A High-Performance, Low-Power Approximate String 44

Matching Acceleration Framework for Genome Sequence Analysis”, MICRO 2020



https://arxiv.org/abs/2009.07692

Pattern Bitmasks — Sertal Implementation

Pattern Bitmasks:

CTGA
PM(A) = 1110
PM(C) = @111
PM(G) = 1101
PM(T) = 1011

device PM t generatePatternBitmask (int m, char *pattern) {
PM t pm
pm[A] = ONES;
pm[C] = ONES; Initialize to all 1s
pm[G] = ONES;
pm[T] = ONES
[for (int 3 = 0; 3 < m; 3+4) For each char in pattern |

s

pm[pattern[j]] &= SINGLE ZERO AT (j);

return pm;

}

No parallelism

Only one thread per block does useful work




Pattern Bitmasks — Parallel Implementation

Pattern Bitmasks:

CTGA
PM(A) = 1110
PM(C) = 0111
PM(G) = 1101
PM(T) = 1011

__device  PM t generatePatternBitmask (int m, char *pattern) {
PM t pm;

pm[A] = ONES;

pm[C] = ONES; Initialize to all 1s
pm[G] = ONES

pm[T] = ONES
int 7 = threadIdx.x;

[pm[pattern [J]] &= SINGLE ZERO AT (J); EaCh thread sets a O]

for (int offset = 16; offset > 0; offset /= 2){
//bitwise AND parallel reduction

}

return pm;

Large amount parallelism

Every thread in the block does useful work




More About Parallel Reductions

Warp Shuffle Functions

Built-in warp shuffle functions enable threads to share data

with other threads in the same warp

o Faster than using shared memory and _ syncthreads() to
share across threads in the same block

Variants:
o _ shfl sync(mask, var, srcLane)
Direct copy from indexed lane
o _ shfl up sync(mask, var, delta)
Copy from a lane with lower ID relative to caller
o _ shfl down_sync(mask, var, delta)
Copy from a lane with higher ID relative to caller
o _ shfl xor sync(mask, var, laneMask)

Coﬁy from a lane based on bitwise XOR of own lane ID

>

HetSys Course: Lecture 6: Parallel Patterns: Reduction (Spring 2022)

419 views - Premiered Apr 19, 2022 5 21 GCJ DISLIKE > SHARE 3¢ CLIP =+ SAVE

SUBSCRIBED Q

https://youtu.be/XpOHHpcDwUC 47


https://youtu.be/Xp0HHpcDwUc

Resolving Data Dependencies




Recall: Mapping Threads to DP Cells

Text A C G T -

Exact Match | 1111 | 1111 § 1111 ) 1111 | 1111
1 Edit | 0110 | 1010 | 1100 } 1110 } 1110
2 Edits | 0000 | 0000 | 1000 | 1100 | 1100
3 Edits | 0000 | 0000 | 0000 | 1000 | 1000
4 Edits | 0000 | 0000 | 0000 | 0000 | 0000

Thread O |} Thread 1| Thread 2 | Thread 3
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Data Dependencies

Text A C G T -

Exact Match 1&1 1111 ) 1111 § 1111 § 1111
1 Edit | 0110 1%0 1100 § 1110 | 1110
2 Edits | 0000 | 0000 1@0 1100 | 1100
3 Edits | 0000 | 0000 | 0000 1@0 1000

4 Edits | 0000 | 0000 | 0000 | O00O0<= 0000
Thread 0 | Thread 1 | Thread 2 | Thread 3 | Thread 4

; Intra-Thread Data Dependency
«m Inter-Thread Data Dependency




Data Dependencies

Text A
Exact Match 131
1 Edit | 0110
2 Edits | 0000
3 Edits | 0000 1@0

4 Edits | 0000 0000 | O000<= 0000
Thread 0 | Thread 1 | Thread 2 | Thread 3 | Thread 4

; Intra-Thread Data Dependency
«m Inter-Thread Data Dependency

B Iteration 2
B Iteration 3
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Resolving Data Dependencies

= Memory accesses can resolve all dependencies
o But have undesirable latency and bandwidth
= Register accesses are preferred
o Works trivially for vertical intra-thread dependencies
o Does it also work for horizontal inter-thread dependencies?

Text

Exact Match
1 Edit
2 Edits
3 Edits
4 Edits

Thread 1 | Thread 2 | Thread 3 I Thread 4|

]
; Intra-Thread Data Dependency ]

« Inter-Thread Data Dependency M Iteration 2
I lteration 3
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Resolving Data Dependencies (cont’d)

= How to resolve inter-thread dependencies with registers?
o Warp shuffle instructions!

B.22.1. Synopsis

__shfl sync(unsigned mask, T var, int srcLane, int width=warpSize);
__shfl up sync(unsigned mask, T var, unsigned int delta, int width=warpSize);
__shfl down_sync(unsigned mask, T var, unsigned int delta, int width=warpSize);

T
T
T
T _ shfl xor sync(unsigned mask, T var, int laneMask, int width=warpSize);

B.22.2. Description

The _ shfl_sync() intrinsics permit exchanging of a variable between threads within a warp without
use of shared memory. The exchange occurs simultaneously for all active threads within the warp (and
named in mask ), moving 4 or 8 bytes of data per thread depending on the type.

https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.html#warp-shuffle-functions 53
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More About Warp Shuttle Functions

Warp Shuffle Functions

Built-in warp shuffle functions enable threads to share data

with other threads in the same warp

o Faster than using shared memory and _ syncthreads() to
share across threads in the same block

Variants:
o _ shfl sync(mask, var, srcLane)
Direct copy from indexed lane
o _ shfl up sync(mask, var, delta)
Copy from a lane with lower ID relative to caller
o _ shfl down_sync(mask, var, delta)
Copy from a lane with higher ID relative to caller
o _ shfl xor sync(mask, var, laneMask)

Coﬁy from a lane based on bitwise XOR of own lane ID

B . ' &= 0O
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Conclusion

*Shared Memory
*Thread Cooperative
Before: Implementation After:

« Algorithmi
1 , 8 O O ogign(zgg krsmc Improvements 2 5 ’ O O O

. w parallel reduction .
alignments/second .Eat‘; dependencies alignments/second

\w warp shuffle

Optimizing GPU code requires a holistic view

Ignoring any of the above aspects would ruin the performance of the program
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More P&S Courses: SSDs, Memory, Bioinformatics...

Understanding and Improving Modern DRAM Performance, Reliability,
and Security with Hands-On Experiments

Designing and Evaluating Memory Systems and Modern Software
Workloads with Ramulator

Accelerating Genome Analysis with FPGAs, GPUs, and New Execution
Paradigms

Genome Sequencing on Mobile Devices

Understanding and Designing Modern NAND Flash-Based Solid-State
Drives (SSDs)

Intelligent Architectures using Hardware/Software Cooperative
TeChnl q ues i { (SS/-:)Frﬁlglzlzrzo;e)zct&Seminars Couses e %

SAFARI Projects & Seminars Courses (Spring
2022)

https://safari.ethz.ch/projects and seminars/ e
spring2022/doku.php?id=start | i

EEEEE
Desigt
ccccc

HHHHH
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More Resources: Onur Mutlu Lectures

All P&S courses
Digital Design and CompArch course
Advanced CompArch course

Seminar in CompArch

Onur Mutlu Lectures
25.6K subscribers

HOME VIDEOS PLAYLISTS COMMUNITY CHANNELS

All playlists v

Created playlists

- Adie (orchip) contains mukise

Higher-level information is n{
o g
o E
LN

Software

Thinking Outside

Avchitecting the ML Accelera

SeanLie
Cofoundar & Chiet HWA

SUBSCRIBED [

ABOUT Q

[IANES Hardvare ooz
SAFARI Live Seminars 2022 Livestream - P&S Modern SSDs Li -P&s
Updated 4 days ago (Spring 2022) Architectures via...
VIEW FULL PLAYLIST VIEW FULL PLAYLIST VIEW FULL PLAYLIST

First Course in Computer Architecture & Digital Design 2021-2013

Design of Digi
Lecture 1: Tntroducy

Livestream - Digital Design and Digital Design & Computer

Cy -ETH... hi - ETH Ziirich... Ziirich - Spring 2019
Onur Mutlu Lectures Onur Mutlu Lectures Onur Mutlu Lectures
VIEW FULL PLAYLIST VIEW FULL PLAYLIST VIEW FULL PLAYLIST
Ad d C Archi Courses 2021-2012

+ ML accseraor: 260 v, 6 il
00 GFLOPS GPU, 12 ARM 2.2
« Two redundan chipsfo bt

- P&S Hands-on Li -P&S ing the Li -P&S
ont ing-in-M g Genome Analysis with FPGAs,...
Updated 6 days ago Updated 6 days ago Updated 7 days ago
VIEW FULL PLAYLIST VIEW FULL PLAYLIST VIEW FULL PLAYLIST
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ou
Design of Digital Circuits - ETH Digital Circuits and Computer ~ Spring 2015 -- Computer

Ziirich - Spring 2018 Architecture - ETH Zurich -... Architecture Lectures --...
Onur Mutlu Lectures Onur Mutlu Lectures Camegie Mellon Computer Architectu..
VIEW FULL PLAYLIST VIEW FULL PLAYLIST VIEW FULL PLAYLIST
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P&S Heterogeneous Systems

Algorithmic Improvement and GPU Acceleratio
of the GenASM Algorithm I[

Joél Lindegger
ETH Zurich
Fall 2022
23 January 2023



